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As the number of students going to international schools and studying abroad continues to grow globally, 
students' options in education system are becoming more diverse. Systems can have very different impacts on 
different students, making it increasingly important for each student and family to choose the most suitable 
learning system. Against this backdrop, high school academic systems such as A-level, IB, SAT, GAOKAO, and 
other teaching evaluation systems that are widely accepted by universities have significantly increased their 
impact on students. Although examinations such as SAT are not the only criteria used to evaluate admissions to 
the universities of the United States, these standard results still dominate the admissions process. It is necessary 
to study how education and grading systems affect the development of students with different socio-economic 
backgrounds and learning strategies and to assess what students can expect in terms of final assessment outcomes. 
On the other hand, the education assessment system has a great impact not only on the development of 
students but also on institutions such as universities. Schools need to use ratings to select students for higher 
education or to allocate specific learning resources and form different learning communities within the institution. 
A well-balanced selection system needs to be equitable to enable the selectors to get better candidates, and the 
selectees are more likely to perform their true proficiency. However, it is difficult to have a system that can meet 
the conditions of all simultaneously (Weinberg, 1975), and there are such problems in evaluation systems of 
education. In the case of the IB and GAOKAO, for instance, the IB is a typical 7-point test, while GAOKAO is 
a 150-point test. Lower differentiation can lead to homogeneity in evaluation and difficulties in selection. A 
classic query about differentiation is why a 9-point difference between an 80 and an 89 can result in the same B 
grade, while a difference of only 1 point between a 79 and an 80 makes a qualitative difference (Tomar, 2019). 
The boundaries between grades are difficult to define precisely. In contrast to the problem of homogeneity, 
although the homogeneity of different scores seems to weaken the fairness of the grades, it should have a stronger 
motivational effect on students, especially those with average academic performance. To the extent that final 
performance is influenced by a normal distribution, a relatively large number of median grades will appear to 
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present superior student performance overall. This produces a relatively stronger motivational effect, and 
ultimately educational outcomes may also be improved. 
This paper examines the effects of grading systems on students and selection based on the concept of 
homogeneity and motivational capacity for learning. Homogeneity and motivational capacity, as the nature of 
the grading system of education, are a binary pair of complementary relationships. We examine their effects in 
different grading systems and whether there exists a preferable equilibrium. We also suggest options for learning 
environments for students with different categories of learning goals and motivations. 
 
Preliminaries 
How Motivation Affects Academic Performance. We mainly discuss the motivation of students based on 
self-determination theory, a widely used theory of motivation which examines the role of different types of 
motivation on the overall performance of motivation. The theory classifies motives into the six categories in order 
of their externalities from largest to smallest. The first three of these categories belong to extrinsic controlled 
motivation (CM); the last three belong to autonomous motivation (AM). 
Intrinsic motivation and amotivation are highly positive predictors of eventual academic performance (Deci 
& Ryan, 1985; Breva & Galindo, 2020). Kusurkar et al. (2013) propose a correlation chain on how motivation 
affects final academic performance based on the relationship between AM and CM. Given that motivation, 
regardless of type, originates from the same entity, developing an indicator RAM to synthesize the roles of AM 
and CM to represent relative autonomous motivation could make the indicators more consistent. Research 
indicates that higher RAM is statistically associated with better learning strategies, which in turn further promote 
academic effort and ultimately act on academic performance. Mechanistically, learning strategies and learning 
effort are the mediating components in the relation between RAM and academic performance. Autonomous 
motivation and controlled motivation have a decisive influence on academic performance. 
Method for Measuring Students’ Motivation Levels. An important measure of student motivation levels 
is the use of the Academic Motivation Scale (AMS). Its distinction provides a referable level of differentiation 
for boundary-blurred motivational states. 
Table 1. Calculated weights for subscale in the Academic Motivation Scale 
Subscale Motivation Type Weight 
IM knowledge, accomplishment, stimulation AM 2 
Identified regulation AM 1 
Introjected regulation - 0 
External regulation CM 1 
Amotivation CM 2 
Grade as a Primary Factor in Controlled Motivation. Regarding how grades specifically affect external 
motivation, Ackerman and Gross's study (2020) refers to a student's expectations of grades as an important 
predictor of that student's eventual academic performance, with the practical implication of indicating that we 
should not use a student's actual grades as a measure of external motivation, but rather the difference between a 
student's expectations of grades and actual grades. In addition, students are affected differently by their 
performance depending on their background conditions. Low-achieving students are more negatively affected by 
ratings and higher rubrics, while conversely, high-achieving students benefit, and this feedback is closely related 
to student expectations (Klapp, 2015). 
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Features of Grading System. The discrepancy between students' expectations and actual performance is 
not only related to their academic self-perceptions but also to the construction of the grading system itself. This 
is because different grading systems of education have different scales of scores and produce different levels of 
motivation. From the purpose of assessment, the function of evaluation is to control and enhance learning 
(Dahlgren et al., 2009). Whether it is to control the process of learning or to enhance motivation to learn, grading 
systems of education rely on performance as a mediating indicator. 
Concerning the distribution of test scores, Deutsch (1979) notes in his paper that, in the vast majority of 
cases, scores of test-takers follow a normal distribution rather than reflecting their true levels of academic 
capability. This normal distribution can be achieved by setting the difficulty of test questions based on an estimate 
of student learning level and by discounting raw scores into the relevant grades. In a normal distribution, there is 
always a shortage of scores in the high scoring segments. The result is that in the more differentiated exams, the 
greater the gap between the performance of most candidates and the performance of the higher band. 
Grading curves based on a normal distribution limit the allocation of overall high scores and are an artificial 
shortage; this is not a natural reflection of performance and therefore increases the potential for negative 
incentives for students (Deutsch, 1979). The prior academic performance serves as an incentive to influence 
students' performance the next time. Thus, the relative strengths in education of individuals are continually 
augmented. A student's background conditions and current learning accumulation will further influence the future 
distribution of performance as a consequence of assessment. In education, there is some fairness and efficiency 
in using a normal distribution for selection because a normal distribution allows for consistent distribution of 
performance across teachers and helps remove the inevitable effects of subjectivity and standard differences in 
grading. However, scores should relate only to learning standards. We should note that while it is true that scarcity 
exists in broad economic systems, motivation is not a scarce resource in the learning phase rather than the 
selection phase. 
An Integrated Model of Learning Motivation. From the above discussion, we identify a pattern of how 
grading systems of education affect students' academic performance through grades: actual grades may differ 
from students' actual academic capability or expectations of performance, because of the normal distribution of 
the performance curve. This difference affects students' controlled motivation as an external motivator for 
learning, and is ultimately reflected in the outcome of the next examination. 
 
Fig 1. Iterative model of academic achievement motivating learning outcomes 
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Methodology 
Iterative Model of Testing and Motivation Generation. We have developed an understanding of the 
interaction between testing and motivation, and based on this relationship we can construct a motivational system 
about student learning. A medium to the long term learning process will consist of several examinations, which 
we denote as a learning phase between two examinations. In this dynamic system, a learning phase consists of 
three steps. 
1. Changing the current academic capability based on current learning motivation and learning progress. 
This can be represented by the experience formula: 
∆𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴𝐶𝐶𝐶𝐶 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐶𝐶 × 𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐸𝐸𝐴𝐴𝐶𝐶 (1) 
2. A student's current academic capability, when compared to other students in the learning community on 
the exam, is converted into an actual grade under the scale of grading, with the score of all students in 
the community conforming to a normal distribution. 
3. The difference between a student's actual score and performance based on the student's academic 
capability generates external motivation for the student. 
The level of effort and efficiency in learning should have significant predictive ability for the increase in 
academic effort. At each stage of learning, the magnitude of effort is positively correlated with external 
motivation, and existing research suggests that the sigmoid function provides a better fit to motivation-effort data 
(Morris et al., 2020). The sigmoid function fitting to learning effort is controlled by two parameters, bias, and 
sensitivity, where Morris' study states that bias refers to the amount of motivation needed to initiate effort, while 
sensitivity to motivation determines the increment of motivation needed to raise effort. Thus, if a student's 
autonomous motivation is higher, the lower the initial motivation required for effort, the lower the bias and the 
more the function will shift to the left; autonomous motivation is less dependent on controlled motivation and 
therefore less sensitive to incentive, and the flatter the slope of the sigmoid function. 






As stated in our study, controlled motivation is mainly influenced by the difference between expected 
performance based on actual academic capability and actual performance after normal distribution. A student's 
expected performance can be obtained by standardizing the academic capability to the grading system's score 
interval. For an exam, its normal distribution of actual performance can be represented by 𝑁𝑁(𝜇𝜇,𝜎𝜎), where 𝜇𝜇 is 
the expected mean score for the exam and 𝜎𝜎 refers to standard deviation, and in the test sense it indicates the 
gradient of test difficulty. The greater the absolute value of the mean score set by the exam and the gradient of 
difficulty, the lower the actual score will be for students with relatively low actual academic capability. 
Differences in expected and actual performance within a learning community map onto CM and ultimately create 
different motivation for students. 
Along with learning effort, another factor that affects the increase in learning ability is learning efficiency. 
The theory of the learning curve suggests that as the number of studies and attempts increases, the corresponding 




In the context of student learning, each of these variables can be specifically interpreted as: 𝑘𝑘 is the time 
required to learn the basics as determined by the difficulty of the learning content, 𝑥𝑥 is the total learning time 
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spent on this learning content, and 𝐶𝐶 is learning efficiency, representing the increase in academic capacity every 
𝐶𝐶 hours after 𝑥𝑥 hours of effective learning. For ease of calculation, all-time units are given in hours. It is 
apparent from the nature of the function that the higher the learning rate 𝐶𝐶 , the slower the improvement in 
learning efficiency. Several studies suggest that the learning rate for most learning should be in the interval 
[0.75, 0.9] (Hax & Majluf, 1982). 
Simulation Setup. The variables to be controlled in the simulation are the student conditions, the overall 
difficulty of the learning content, and the scales used in the test. The learning rate 𝐶𝐶, which indicates the difficulty 
of learning, takes the value {𝑥𝑥|𝑥𝑥 = 0.01𝑘𝑘, 𝑘𝑘 ∈ [75,90] 𝐴𝐴𝐸𝐸𝐴𝐴 𝑘𝑘 ∈ N} and the scale of grading takes the value 
{𝑥𝑥|𝑥𝑥 ∈ [7,160] 𝐴𝐴𝐸𝐸𝐴𝐴 𝑥𝑥 ∈ N} . The student conditions are simulated based on different distributions, and all 
students' autonomous motivation and their basis of learning are randomly generated with three data distributions: 
positive skew, uniform, and negative skew distributions, respectively. All simulations are divided into 3 ×  3 =
 9 groups according to the distribution of student conditions. To ensure the generality of the generated data, for 
each group of simulations, we randomly generate 50 groups of student conditions and averaged them as the 
simulation results for the corresponding group. The number of overall simulations is 9 ×  50 ×  15 ×  154 =
 1039500 times. 
Table 2. Parametric characteristics of the simulation 
Group 
Student Conditions Distribution 






















9 Positive skew 
 
Summary of Results 
After a massively repeated simulation, we first present the statistical results of the data on average academic 
capability in the form of trends. The trends in Table 3 are labeled with “↑”, “↓”, and “-” to indicate that the 
corresponding indicators increased, decreased, do not change significantly, or are irrelevant as the scale of the 
test increased. 
Table 3. Trends in average academic capacity with the scale of tests 
Group Average Capability High Capability Average Low Capability Average 
1 - - - 
2 - - - 
3 - ↑ - 
4 - ↑ ↓ 
5 ↓ ↑ ↓ 
6 ↓ ↑ - 
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7 ↑ ↑ ↓ 
8 - ↑ ↓ 
9 ↓ ↑ ↓ 
The overall trend is observed for each of the three indicators. In general, high levels of academic capability 
average increase with higher test scales and low capability average decrease with higher scales, while average 
capability is related to the specific conditions of the students. This suggests that the greater the test differentiation, 
the greater the order of magnitude of the motivation for students, and the greater the variance in the context of a 
competitive system. 
In terms of magnitude, as the test scale rises, the difference in the improvement of the high capability average 
is smaller, while the low capability average decreases to a significant degree. The statistical results also show that 
an increase in the value of the learning rate only leads to an absolute decrease in the learning capability, but has 
no effect on the pattern of the relationship between average learning capability and the scale of examinations. In 
particular, the higher the learning rate, the greater the learning difficulty, and the more pronounced the increase 
in the average score of the high band with the examination scale. 
 
Conclusion 
1. Test scales have a greater effect on the balance between education efficiency and education equity. The 
greater the differentiation in the examination scale, the more conducive it is to produce high capability 
students and the more efficient the teaching, but it has a greater negative impact on students with a lower 
learning base or autonomous motivation, and the less equitable the education. The basis of learning and 
autonomous motivation is related to the objective of students as well as their socioeconomic background. 
From the perspective of a steady progression of students, students with low initial goals or who are less able 
to adapt to learning should avoid studying in the more differentiated assessment system. Students who have 
high goals and a good learning foundation can participate in the more differentiated examinations. For 
students with strong self-motivation but a weak learning base, a lower-scaled test is inappropriate. 
Concerning goal setting, since motivation is based on expectations, it is more helpful to set short-term goals 
that are consistent with the individual's ability to learn. 
In addition, from the perspective of balancing efficiency and fairness in education, the schools could choose 
to combine lower and higher differentiated tests, using lower differentiated score systems in the long-term 
learning process and higher differentiated score systems in the selection process, which can enhance the 
equity of the output of teaching and learning while ensuring the rationality of the selection process. 
2. Concerning the selection of appropriate learning community based on learning interests, in general, students 
perform better in groups where there is a general willingness to learn autonomously, independent of 
differentiation and external incentives; the incentives in randomly formed learning communities are 
contingent, and overall, such learning environments are more conducive to the progress of the best students; 
and motivation in groups with low autonomous motivation are susceptible to controlled motivation. 
Accordingly, it is important to choose an assessment system with a relatively low level of differentiation for 
the students with low self-motivation. From this, we can also understand that maximizing students' interest 
in learning is of great practical importance for learning. 
Table 4 is a comprehensive recommendation based on the above data as to what type of test scale and learning 
environment is appropriate for varied types of students. 
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Table 4. Matching of test scales and learning environments to student types 
Type of Student 
Scale AM of Learning Community 
Basis of Learning Objective / AM 
High High High High or Uniform 
High Low High or Medium High or Uniform or Low 
Low High Low High or Low 
Low Low Low Low 
The goals of system optimization and the environment are not always aligned, therefore, students and parents 
can select an appropriate grading system of education based on benchmark values which may result in a more 
coherent and effective status of the education system generally. 
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